I estimate a search-and-bargaining model of a decentralized market to quantify the effects of trading frictions on asset allocations and asset prices, and to quantify the effects of intermediaries that facilitate trade. Using business-aircraft data, I find that, relative to the Walrasian benchmark, 12 percent of the assets are misallocated, and prices are approximately 24.5-percent lower. Dealers play an important role in reducing frictions: In a market with no dealers, 15.2 percent of the assets would be misallocated.
Introduction
How large are trading frictions? How do they affect the allocations of assets? Their prices? What is the role of intermediaries in reducing trading frictions? This paper estimates a structural model of a decentralized market to provide quantitative answers to these questions.
Many assets trade in decentralized markets. Classic examples are financial assets such as bonds and derivatives, consumer durable goods such as cars and houses, and firms' capital assets such as plants and equipment. The fundamental characteristics of decentralized markets are that agents must search for trading partners and that, once a buyer and a seller meet, they must bargain to determine a price. Moreover, in response to trading frictions, almost all decentralized markets have intermediaries. Indeed, starting with Demsetz (1968) , trading frictions have been used to explain the existence and behavior of intermediaries. The key role of intermediaries in such markets is to reduce frictions, thereby facilitating trade.
In this paper, I lay out a model of trading in decentralized markets with two-sided search and bilateral bargaining to formalize the effects of trading frictions on asset allocations and prices, and the effects of intermediaries in alleviating these frictions. I then quantify the role of frictions and of dealers, estimating this model using data on business jet aircraft.
The theoretical framework combines elements from Rubinstein and Wolinsky (1987) and Duffie, Gârleanu and Pedersen (2005) , adapting them to capture key features of real asset markets. A flow of agents enters the market in every period, seeking to acquire an aircraft.
They contact sellers at a rate that depends on the mass of aircraft for sale and on traders' search ability, and they contact dealers at another rate that reflects dealers' inventories and search ability. Dealers hold inventories because they do not meet buyers and sellers simultaneously (Grossman and Miller, 1988) , and they extract surplus by shortening the time that buyers and sellers have to wait in order to trade (Rubinstein and Wolinsky, 1987 ).
When agents meet or meet dealers, they bargain over the terms of trade. Gains from trade arise from heterogeneous valuations of holding the aircraft. For example, an aircraft owner, usually a corporation, wishes to sell because its valuation for the aircraft has dropped, perhaps because the firm's profitability has declined. The model analytically derives the equilibrium allocation of aircraft to agents and to dealers, as well as the price negotiated between agents and the price negotiated between agents and dealers. Equilibrium allocations and prices depend in an intuitive way on agents' and dealers' search abilities, bargaining powers and valuations. I estimate the model by using data on the secondary market of business jet aircrafta typical decentralized market. The data are well-suited to studying the effects of search frictions and the role of intermediaries. In particular, they report the number of aircraft for sale and number of aircraft transactions in each month, and their ratio is informative on the magnitude of trading delays. Similarly, the data report dealers' inventories and dealers' transactions, and their ratio is informative on the role of dealers in reducing delays. In addition, the data report two series of prices: retail prices between final users of the aircraft; and wholesale prices between aircraft owners (as sellers) and dealers (as buyers). Their differences are useful in understanding how much dealers are able to command by supplying immediacy of trade (and, thus, sellers are willing to forego).
The estimation reveals that trading delays are non-trivial: On average, aircraft stay on the market approximately five months before a seller is able to finalize a sale. The quantitative importance of these delays depends on how frequently agents seek to trade, determined by a drop in their valuations; this happens, on average, every four and a half years. Moreover, the estimation implies that the "short" sides of the market-i.e., sellers and dealers, in particular-enjoy strong bargaining powers, capturing almost the entire surplus of transactions.
I use the estimated parameters to simulate two counterfactual scenarios. In the first one, I quantify the role of trading frictions on asset allocations and prices by computing a Walrasian market equilibrium. The estimates imply that trading frictions generate moderate inefficiencies: Compared to the Walrasian benchmark, 12 percent of all business aircraft are misallocated, and aircraft prices are 24.5-percent lower. Two forces affect allocations and prices in the estimated model relative to this Walrasian benchmark: search costs and trading delays. The parameter estimates imply that trading delays quantitatively account for almost all differences, and the effect of search costs on allocations and prices is negligible.
In the second counterfactual, I quantify the effect of dealers on the decentralized market equilibrium computing a decentralized market with no dealers. The estimates imply that dealers play an important role in reducing frictions: In a market without them, 15.2 percent of the assets would be misallocated. Perhaps surprisingly, in a market with no dealers prices would increase by 1.7 percent. The reason is that sellers' outside options improve relative to buyers', thus counteracting the effects of higher search costs and slower trade on asset prices. Therefore, an interesting conclusion of this counterfactual analysis is that it may be difficult to infer exclusively from asset prices the effects of changes in trading frictions (or, more generally, changes in trading mechanisms and institutions) on market inefficiencies. This paper makes two main contributions. First, the paper provides a framework suited to empirically analyzing decentralized asset markets. Search models have proved to be useful in understanding key features of labor markets, and, more recently, researchers have started to apply search models to financial markets. To my knowledge, this paper is the first to estimate a bilateral search model that investigates the microstructure of the market of a capital asset/durable good, quantifying the effects of trading delays and of intermediaries that facilitate exchange. Second, the empirical findings suggest that, even within a welldefined asset class such as business aircraft, trading frictions are a non-trivial impediment to the efficient allocation of assets and have significant effects on asset prices. Thus, the paper innovates on recent works that study the process of asset reallocations (Ramey and Holmes and Schmitz, 1995) by quantifying its inefficiencies. This is a necessary step to understanding how asset markets work and, therefore, to the design of any policy that affects them.
The paper proceeds as follows. Section 2 reviews the literature. Section 3 presents some institutional details on the business-aircraft market. Section 4 introduces the data. Section 5 presents the theoretical model and Section 6 estimates it. Section 7 performs counterfactual analysis. Section 8 concludes. The appendices include analytic derivations and additional estimates of the model on different sample periods.
Related Literature
This paper contributes to the important literature that analyzes decentralized markets.
The theoretical literature is vast. The most closely related papers examine bilateral search markets, in which both buyers and sellers search for a trading counterpart and prices are determined through bilateral bargaining Wolinsky, 1985 and 1987; Gale, 1987 One key difference between the current paper and previous research is that this paper seeks to understand how search frictions affect the level of asset prices and of asset allocations, while most papers that structurally estimate search models of the labor market focus on how search frictions affect wage dispersion across workers (notable exceptions are Teulings, 2006 and . Search models have also been applied to housing markets, and Carrillo (forthcoming) is the closest empirical paper.
Finally, this paper is related to a few papers that investigate aircraft transactions. Using data on commercial aircraft transactions, Pulvino (1998 Pulvino ( , 1999 finds that airlines under financial pressure sell aircraft at a 14-percent discount, and that distressed airlines experience higher rates of asset sales than non-distressed airlines. Using data on business jets similar to the data that I use in this paper, Gilligan (2004) finds empirical evidence consistent with the idea that leasing ameliorates the consequences of information asymmetries about the quality of used aircraft. Gavazza (2011b) empirically investigates whether trading frictions vary with the size of the asset market in commercial aircraft markets. However, none of these papers quantifies the importance of trading frictions estimating a structural model.
Business-Aircraft Markets
For several reasons, the business-aircraft market is an interesting context in which to investigate the effects of search frictions and the role of intermediaries.
First, used business aircraft trade in decentralized markets, organized around privatelynegotiated transactions. Almost all buyers (and sellers) are wealthy individuals or corporations, that use the aircraft to fly their executives. To initiate a transaction, a prospective seller must contact multiple potential buyers or can sell its aircraft to a dealer. For buyers, comparing two similar aircraft for sale is costly since aircraft sales involve the material inspection of the aircraft, which could be in two different locations. Thus, aircraft markets share many features with other over-the-counter markets for financial assets (mortgage-backed securities, corporate bonds, bank loans, derivatives, etc.) and for real assets (real estate), in which trading involves material and opportunity costs Pedersen, 2005 and 2007) . Moreover, compared to financial markets and other equipment markets, business-aircraft markets are "thin": Slightly more than 17,000 business jet aircraft were operated worldwide in December 2008. In thin markets, the search costs to find high-value buyers are usually large (Ramey and Shapiro, 2001; Gavazza, 2011b ).
Second, intermediaries play an important role in mediating transactions. Most intermediaries operate as brokers, matching buyers and sellers. Some larger intermediaries operate also as dealers, acquiring aircraft for inventories.
Finally, business aircraft are registered goods with all major "life" events (date of first flight, maintenance, scrappage, etc.) recorded, so detailed data are available. In the next section, I describe them.
Data
Patterns in the data suggest that trading delays are an important feature of aircraft markets. Moreover, the available data dictate some of the modeling choices of this paper.
Hence, I describe the data before presenting the model. This description also introduces some of the identification issues that I discuss in more detail in Section 6.
Data Sources
I combine two distinct datasets. The first is an extensive database that tracks the history of business-aircraft transactions. The second reports the average values of several aircraft models, similar to "Blue Book" prices. I now describe each dataset in more detail.
Aircraft Transactions-This database is compiled by AMSTAT, a producer of aviationmarket information systems. It is important to note that the construction of the Aircraft Bluebook Historical Value Reference implies that the retail and wholesale price series are free of several biases. First, wholesale prices refer to sales to dealers, thus before dealers could make any improvement to the aircraft. Second, the database reports historical retail and wholesale prices even for those model-vintage pairs for which only one unit (i.e., one serial number) exists, indicating that the price series are not affected by sellers' selection based on aircraft quality (observable or unobservable to both trading parties). Table 1 The average age of aircraft for sale is 18.43 years, with a large dispersion across observa- tions (model-month pairs). The two datasets provide a rich description of the business-aircraft market and are wellsuited to investigating the importance of frictions and the role of dealers. Specifically, three key patterns suggest that trading delays may be non-trivial and that dealers reduce them. First, the difference between the number of Aircraft for Sale (on average, 11 aircraft per model-month) and the Total Number of Transactions (on average, 1.5 per modelmonth) means that aircraft stay on the market for several months before selling, indicating that trading delays are substantial. Second, the ratio between Retail-to-Dealer Transactions and Aircraft for Sale by Dealers is higher than the ratio between Total Number of Transactions and Aircraft for Sale, suggesting that dealers are faster than owners at turning aircraft over.
Data Description
5 Third, the difference between the Retail Price and the Wholesale Price is quite large (on average, 13 percent), corroborating that frictions are relevant in this market and that dealers are able to command a substantial markup by supplying immediacy of trade.
With all their advantages, however, the datasets pose some challenges. In my view, the main limitation is that both datasets provide aggregate statistics of the market for different models. This limitation implies that a model with rich heterogeneity of agents and dealers, while theoretically feasible, would not be identified with these aggregated data. For example, the aircraft-price dataset does not allow the identification of rich heterogeneity in asset valuations, which would be possible if transaction prices were available. Therefore, the model will allow a parsimonious binary distribution of valuations, high and low. In Section 8, I will discuss the implications of this limited heterogeneity for the interpretation of the empirical results. Similarly, the aircraft-transaction dataset reports only aggregate dealers'
inventories, limiting the possibility of identifying heterogeneity across dealers. Finally, an additional limitation is that the aircraft-transaction dataset does not report if retail buyers or sellers hired a broker to search for trading counterparts, although these intermediaries are popular in business-aircraft markets.
Model
In I model frictions of reallocating assets explicitly. In particular, each agent contacts another agent randomly, and this is costly for two reasons: 1) there is an explicit cost c s of searching, and 2) there is a time cost in that all agents discount future values by the discount rate ρ > 0.
markets with a very small number of buyers and sellers wishing to trade at non-perfectly synchronized times. The differential patterns are also comparable between more-and less-popular aircraft.
Assumptions
Time is continuous and the horizon infinite. A mass µ of risk-neutral agents enters the economy at every instant. All entrants have an exogenous parameter z = z h that measures their valuation for an aircraft. This valuation parameter is a Markov chain, switching from z h to z l < z h with intensity λ; z l is an absorbing state. The valuation processes of any two agents are independent. Hence, the mass of high-valuations agents is equal to
There is a constant flow x of new aircraft entering the economy in every instant. Aircraft depreciate at the instantaneous rate δ 2 and are scrapped when they reach age T. Thus, the total mass A of aircraft is equal to xT. An aircraft of age a generates an instantaneous flow of utility equal to z δ 0 + δ 1 e −δ 2 a to its owner with valuation z. I assume that A < µ λ , which implies that the "marginal" owner in a Walrasian market is a high-valuation agent.
Each agent can own either zero or one aircraft. 6 Agents can trade aircraft: A given agent wishing to trade (either a buyer or a seller) makes contacts with other agents pairwise independently at Poisson arrival times with intensity γ > 0. Thus, given that matches are determined at random, the arrival rate γ s for a seller (the rate at which he meets buyers)
is γ s = γµ b , and the arrival rate γ b for a buyer is γ b = γµ s , where µ b and µ s are the endogenous equilibrium masses of buyers and sellers, respectively. In addition, there is an endogenous mass µ d of independent used-aircraft dealers that meets traders also through a search process. Each dealer has a flow cost equal to k and has, at most, one unit of inventory.
An agent wishing to trade meets dealers pairwise independently at Poisson arrival times with intensity γ ′ > 0. Thus, a buyer meets a dealer with an aircraft to sell at rate γ bd = γ ′ µ do , and a dealer with an aircraft to sell meets a buyer at rate α ds = 
Solution
There are four types of agents in the model economy and two types of dealers: high-and low-valuation owners and non-owners, and dealers with and without an aircraft for sale. I denote their types ho, lo, hn, ln, do, dn, respectively.
The owner of an aircraft with valuation z can put it up for sale or keep operating it. In the former case, he meets potential trading partners at rate γ s and a dealer at rate γ d . In the latter case, he enjoys the flow profit z. Similarly, an agent with no aircraft can meet active sellers at rate γ b and a dealer at rate γ d , or can exit the market. Intuitively, agents'
optimal choices depend on their valuation: Non-owners prefer to search when their valuation is high, and owners prefer to sell their aircraft when their valuations are low. Hence, gains from trade arise only when low-valuation owners meet high-valuation non-owners. When these agents meet, they trade.
I now formally derive the value functions for all agents of the economy and the transaction price at which trade occurs. 8 These value functions allow us to pin down the equilibrium conditions and derive the endogenous distribution of owners' valuations. This distribution describes in an intuitive way how frictions generate allocative inefficiencies and affect aircraft prices. 7 The model assumes symmetry of information about the quality of the asset. Several institutional features of aircraft markets support this assumption. First, the aviation authorities often regulate aircraft maintenance. Second, maintenance records are frequently available, and all parties can observe the entire history of owners of each aircraft. Finally, all transactions involve a thorough material inspection of the aircraft. 8 The analysis focuses on decentralized markets, thus on aircraft of age a < T, neglecting the issue of replacement of aircraft (at age T or before). Similarly, I neglect how the flow x of vintage-0 goods is allocated. These issues can be reconciled with the model by assuming that agents with age-T aircraft acquire age-0 aircraft (at a premium that makes them indifferent between buying the new aircraft or searching for a used one). Moreover, in the estimation of Section 6, I will check that agents do not want to replace aircraft that is less than 40 years old.
Let V ho (a) be the value function of an agent with valuation z h that owns an aircraft of age a < T and is not seeking it to sell it. V ho (a) satisfies:
Equation (1) has the usual interpretation of an asset-pricing equation. An agent with valuation z h enjoys the flow utility z h δ 0 + δ 1 e −δ 2 a from an aircraft of age a. At any date, at most, one possible event might happen to him: At rate λ, his valuation drops to z l , in which case he chooses between continuing to operate the aircraft (enjoying the value V lo (a)) and actively seeking to sell it (enjoying value W lo (a)). Thus, the agent obtains a capital loss equal to max {V lo (a) , W lo (a)} − V ho (a) . Moreover, the aircraft depreciates continuously, so that the agent has a capital loss equal to V ′ ho (a). Similarly, the value function W ho (a) of an agent with valuation z h that owns an aircraft of age a and is actively seeking to sell it satisfies:
An agent with valuation z h enjoys the flow utility z h δ 0 + δ 1 e −δ 2 a from an aircraft of age a, but he pays the flow cost c s while he is actively seeking to sell it. At any date one of three possible events, at most, might happen to him: 1) At rate λ, his valuation drops to z l .
In this case, the agent chooses between keeping the aircraft (enjoying the value V lo (a)) and actively seeking to sell it (enjoying value W lo (a)). Hence, the agent obtains a capital loss 
The interpretation of equations (3) and (4) Similarly, he meets a dealer at rate γ sd , in which case he chooses between trading the aircraft at price p B (a)-thus, obtaining a capital gain equal to p B (a) + max {V ln , W ln } − V lo (a)-or keeping it-thus obtaining a capital gain of zero. Moreover, the aircraft depreciates continuously, so that the agent has a capital loss equal to W ′ lo (a). The value functions of high-and low-valuation agents with no aircraft satisfy:
Equation (5) 
when, at rate γ b , he meets a seller of an aircraft of age a; and he has a capital gain equal to max {max {V ho (a) , W ho (a)} − p A (a) − W hn , 0} when, at rate γ bd , he meets a dealer selling an aircraft of age a. Since the hn-agent does not know the age of the aircraft that the counterparty will have, he takes expectation over the possible capital gains that arise from the different vintages. Similarly, equation (7) says that a low-valuation agent with no aircraft who is paying the search cost c s to search for a counterparty has an expected capital gain equal to max {max {V lo (a) , W lo (a)} − p (a) − W ln , 0} when he meets a potential seller of an aircraft of age a, and an expected capital gain equal to max {max {V lo (a) ,
when he meets a dealer. Equations (6) and (8) say that agents without aircraft who are not searching have a zero value.
We can simplify the value functions of all types of agents {ho, lo, hn, ln} recognizing that gains from trade arise only when high-valuation non-owners meet low-valuation owners.
Thus, the relevant value functions are:
ρV ln = 0.
Dealers' Value Functions
As in Rubinstein and Wolinsky (1987) , dealers can extract surplus by shortening the time that buyers and sellers have to wait in order to trade. They are capacity-constrained and cannot store more than one aircraft. Thus, the value functions J do (a) and J dn of dealers with and without an aircraft for sale, respectively, satisfy:
Equation (11) says that a dealer who owns an aircraft of age a pays the flow cost k while he is actively seeking to sell it. At any date, at rate α ds , the dealer meets a potential buyer. In this case, the dealer trades the aircraft at a negotiated price p (a), thus obtaining a capital gain equal to p A (a) + J dn − J do (a) . Moreover, the aircraft depreciates continuously, so the dealer has a capital loss equal to J ′ do (a). Similarly, equation (12) says that a dealer without aircraft pays the flow cost k while he is actively seeking to purchase one. At rate α db , this dealer meets a potential seller of an aircraft of age a, thus enjoying a capital gain equal to
Since the dn-dealer does not know the age of the aircraft that the counterparty will have, he takes expectation over the possible capital gains that arise from the different vintages.
Dealers' free-entry requires that J dn = 0-i.e., dealers' expected capital gain is exactly equal to its fixed operating cost. 
Distribution of Agents
Let µ i be the masses of agents whose state is i ∈ {ho, lo, hn, ln, do, dn} . Consider a small interval of time of length ǫ. Up to terms in o (ǫ) , in equilibrium, these masses evolve from time t to time t + ǫ according to:
The intuition for these equations is simple. For example, the first equation states that the mass of low-valuation agents with an asset results from the flows of three sets of agents: 1) the inflow of high-valuation owners whose valuation just dropped-the term λǫµ ho (t); 2) the outflow of low-valuation owners that found a dealer-the term γ d ǫµ m (t) ; and 3) the mass of low-valuation owners that have not found a buyer-the term (1 − γ s ǫ) µ lo (t) . The intuition for the other equations is similar.
Steady state implies that the total mass of agents with high valuation µ hn + µ ho is equal to µ λ , that the total mass of owners µ ho + µ lo + µ do is equal to the mass of assets A, and that the total mass of dealers µ d is equal to µ do + µ dn . Hence,
, this implies that µ hn > µ lo + µ do -i.e., sellers are the "short" side of the market.
Moreover, the masses of assets sold and purchased by dealers must be equal to the mass of assets purchased and sold to dealers: α ds µ do = γ bd µ hn and α db µ dn = γ sd µ lo . Furthermore, steady state requires α ds µ do = γ bd µ hn = α db µ dn = γ sd µ lo since dealers' aggregate inventories do not change over time.
Thus, rearranging and taking the limit for ǫ → 0, the masses of agents are:
All these steady-state equalities and the equilibrium condition µ ho +µ lo +µ do = A allows us to solve for the endogenous masses µ i i ∈ {ho, lo, hn, ln, do, dn} as a function of the exogenous parameters A, µ and λ, and the exogenous parameters of the matching functions γ and γ ′ .
Letting γ increase, lim γ→+∞ µ lo and converges to 0: When frictions vanish, no lowvaluation agent operates an aircraft. Similarly, lim γ ′ →+∞ µ do and converges to 0. Thus, the masses µ lo and µ do and the ratios µ lo A and µ do A -i.e., the masses and the fractions of low-valuation agents and dealers actively seeking to sell aircraft-are measures of assets inefficiently allocated in the economy. Based on the parameters estimated from the data, in Section 7.1, I compute these measures to quantify the effects of trading frictions on asset allocations.
Prices
When a buyer and a seller meet, the negotiated price
is the solution to the following symmetric-information bargaining problem:
Similarly, the ask and bid prices p A (a) and p B (a) satisfy:
Equilibrium
We can solve the system of differential equations (9), (10) and (11) and obtain (Appendix A reports the calculations):
where β i , ω i and η i i = 0, 1 depend on all other parameters of the model. The coefficients ω 1 and β 1 are the discounted values of weighted averages of the valuations z l and z h , where the relevant discount factor is the user cost of capital ρ + δ 2 , and the weights depend on the trading delays. For example, the value function V ho of high-value owners takes into account that, when their valuation switches to the low value, they will not be able to sell their aircraft immediately, thus weighting the high and the low valuation according to their expected durations, whereas β 1 converges to z h as γ and γ ′ grow large, Moreover, we can solve the system of linear equations (13)- (15) to obtain that prices are equal to:
where the coefficients are linear combinations of the coefficients of the value functions.
For example, the intercept φ 0 is equal to (1 − θ s ) ω 0 + θ s (β 0 − W hn ) and the slope φ 1 =
(1 − θ s ) ω 1 + θ s β 1 is, again, the discounted value of a weighted average of the valuations z l and z h .
In Section 6, I use equations (16) and (17) to estimate parameters of the model. Based on these parameters, I compute Walrasian prices and compare them to observed prices to quantify the effects of trading frictions on asset prices.
Estimation and Identification
I estimate the model using the data on business aircraft described in Section 4, assuming that they are generated from the model's steady state. I set the unit of time to be one quarter. I estimate two versions of the model. In the first one, all aircraft models are homogeneous, so that the only heterogeneous characteristic across aircraft is their age. In the second one, the parameters λ, γ s , γ sd , α ds , z h , z l , δ 2 , δ 0 and c s are functions of observable characteristics of the aircraft and of the market.
Unfortunately, the data lack some detailed information to identify all parameters. Therefore, I have to fix some values. Specifically, the discount rate ρ is traditionally difficult to identify, and I fix it to ρ = .015. Moreover, I set δ 1 = 1, as this parameter is not separately identified from the baseline valuation z l δ 0 (this is just a normalization).
I estimate all other parameters using the generalized method of moments (GMM), matching key moments of the data with the corresponding moments of the model. More precisely, the first moment is the fraction of aircraft for sale, which, in the model, is equal to:
The second moment is the fraction of aircraft for sale by dealers (or dealers' inventories), which is equal to:
The third moment is the fraction of retail-to-retail transactions to total aircraft, which is equal to:
The fourth moment is the fraction of dealer-to-retail transactions to total aircraft, which is equal to:
Equations (18)- (21) identify the parameters λ, γ s , γ sd and α ds . In particular, Table 1 reported that the fraction of aircraft for sale is non-trivial, thus indicating that trading delays are relevant. Hence, the model can fit this key feature of the data very well. Similarly, Table   1 dealers appear faster at trading aircraft than sellers, and the model captures this difference through the trading parameters γ s , γ sd and α ds .
The parameters λ, γ s , γ sd and α ds allow me to compute the ratios 
The price equations (16) and (17) identify other parameters of the model. More precisely, I construct the following moments to estimate φ 0 , φ 1 , ψ 0 , ψ 1 and δ 2 :
where N p is the number of price observations. These moments correspond to the first-order conditions of a non-linear least squares estimation of the logarithm of the price functions p (a) and p B (a) .
For any value of the bargaining parameters θ s and θ d , from the estimates of φ 1 and ψ 1 , I can recover z h and z l by solving the system of linear equations (see Appendix A for
Similarly, from the estimates of φ 0 and ψ 0 , I can recover c s , δ 0 and k by solving (again, see Appendix A for derivations):
where the last equation is dealers' free-entry/zero-profit condition and I use the uniform distribution on [0, 160] for F (a) .
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The bargaining parameters θ s and θ d are not point-identified. Rather, I estimate an 10 The uniform distribution is the exact distribution of vintages available for sale according to the model. interval for their values by imposing restrictions on some parameters. Specifically, I require the following inequalities to hold at the estimated parameters:
Thus, I impose that: buyers' valuation is higher than sellers'; sellers have non-negative valuations for the assets; the cost of search is non-negative; dealers' fixed cost is non-negative;
high-valuation agents with no aircraft have a positive value of searching; and low-valuation aircraft owners prefer to sell any aircraft younger than 130 quarters of age rather than operating it. 11 Since the bargaining parameters are set-identified only, the parameters z h , z l , δ 0 , c s and k are set-identified only, as well. Figure 2 displays the set of values of the bargaining parameters consistent with the constraints imposed by the model. The set is small and indicates that the "short" side of the market-i.e., sellers and dealers, in particular-captures the largest share of surplus.
Estimates
More precisely, almost all elements of the set imply that dealers capture more than 95 percent of any transaction's surplus. Table 2 reports estimates of all other parameters.
Since some parameters are combinations of other parameters, I compute standard errors by bootstrapping the data using 1,000 replications. In Appendix B, I perform the estimation on two separate sample periods-i.e., 1990-1999 and 2000-2008-confirming the robustness of the estimates reported in Figure 2 and Table 2 to different sample periods.
The magnitude of the parameter λ indicates that, on average, valuations switch from [10, 190; 10, 481] 10, 327 [10, 190; 10, 481] 10, 327 [10, 190; 10, 481] 10, 327 [10, 190; 10, 481] high to low every four and a half years. The magnitude of the sum γ s + γ sd indicates that aircraft stay on the market approximately five months before a low-valuation owner is able to sell it. The magnitude of the parameter α ds indicates that, on average, it takes slightly less than four months for a dealer to find a buyer. These parameters γ s , γ sd and α ds imply that trading delays are non-trivial in this market, and dealers play an important role in reducing them.
The parameter δ 2 indicates that aircraft depreciate by approximately eight percent every year, a decline comparable to that of larger commercial aircraft. Indeed, business aircraft older than thirty years are common: see Figure 1 . The valuations z h and z l indicate that the difference between buyers' and sellers' valuations are large-i.e., gains from trade are large-and this difference is slightly larger when sellers and dealers have lower bargaining parameters. The parameter c s indicates that search costs are small-they vary between $5,000 and $30,000 per year, depending on the bargaining parameter-suggesting that most inefficiencies arise because of trading delays. On average, each dealer trades one aircraft
3 quarters. Combined with the difference between retail and wholesale prices reported in Table 1 and dealers' free entry condition J dn = 0, this implies a dealers' fixed flow cost k on the order of $200,000 per quarter, indicating that the costs of "marketmaking" are not negligible. Overall, Table 2 indicates that varying the bargining weights does not greatly affect the other parameters that depend on these weights.
Heterogeneous Aircraft
I also estimate a specification in which the parameters λ, γ s , γ sd , α ds , z h , z l , and δ 2 are functions of observable variables. More precisely, I fix the bargaining parameters to be equal to θ s = .85 and θ d = .99-i.e., approximately their average estimated values; see Figure 2 .
Then, I specify the Poisson rates λ, γ s , γ sd , α ds and the valuations z h and z l to be exponential functions (i.e., z h = exp ζ z h X ) and the depreciation rate δ 2 to be a logistic function (i.e.,
) of observables X. These observables include aircraft characteristics-such as the flying range, the number of passengers, the maximum take-off weight, the fuel burn per hour, the maximum fuel, and the number of existing aircraft of the same model-and aggregate market characteristics-such as the level of the S&P 500 index and a quadratic yearly trend.
I estimate this version of the model using non-linear least squares: Based on a guess of the coefficients, I calculate the model's valueŷ i of observation i of outcome y i observed in the data-i.e., the fraction of aircraft for sale, the fraction of aircraft for sale by dealers, the fraction of aircraft traded, the fraction of aircraft traded by dealers, and the log of retail and wholesale aircraft prices. Then, I construct the criterion
for each observed outcome. Finally, I sum over all criteria of the observed outcomes and choose the coefficients ζ to minimize this sum. Table 3 reports the estimates of the coefficients. The effect of many variables is estimated rather imprecisely, or their effect is small-in particular, the effect of aircraft characteristics on the parameters λ, γ s , γ sd , and α ds . The reason is that the variation that identifies these coefficients-i.e., across-models variation in aircraft for sale, dealers' inventories, aircraft transactions, and dealers' transactions-does not depend on physical aircraft characteristics or is quite small. Instead, the variables affecting valuation parameters z h and z l exhibit Heavy Jet −0.1181 [7.6760] 0.0366 [7.6891] 0.0668 [7.6692] 0.0835 [7.6860] −0.1373 larger and more systematic variations, because price heterogeneity across models-the heterogeneity in the data that identifies these valuations-is quite large and is correlated to some aircraft characteristics, such as the number of passangers and fuel efficiency. Interestingly, market characteristics, captured by the level of the S&P 500 index, have a significant effect on the paramaters. Specifically, a higher level of the U.S. stock market is correlated with lower trading frictions-i.e., higher trading rates-and higher valuations, consistent with a link between funding liquidity and market liquidity (Brunnermeier and Pedersen, 2009 ).
Estimates
Overall, the estimates of Table 3 imply that, for most parameters, adding observable aircraft characteristics does not substantially improve the description of the market relative to the model with homogeneous assets, whose parameter estimates are reported in Table 2 . Table 2 to compute the equilibrium in these counterfactual scenarios.
Counterfactual Analyses

Quantifying the Effects of Frictions
The estimates of the parameters allow me to quantify the effect of trading frictions on the allocation and the prices of assets. Specifically, I compare asset allocations and asset prices with the Walrasian efficient benchmark, which is a special case of the model presented in Section 5 when trade is frictionless-i.e., γ → +∞ and c s = 0.
In the Walrasian market, as soon as high-valuation agents enter the market, they immediately meet low-valuation sellers or dealers. Hence, in a frictionless market, no low-valuation agents and no dealers have aircraft-i.e., µ w lo = µ w do = 0. Thus, the sum µ lo + µ do measures the mass of assets misallocated due to search frictions. The value of the fraction µ lo +µ do A = λ(α ds +γ sd ) λα ds +λγ sd +γ s α ds +α ds γ sd highlights that the allocative costs of trading frictions, captured by the parameters γ s , γ sd and α ds , depend on how frequently agents seek to trade, captured by the parameter λ. Moreover, the ratio µ lo +µ do A depends exclusively on param- eters that I point-estimate using the aircraft transactions dataset, and not on any of the set-identified parameters.
Similarly, Walrasian prices solve the differential equation
and, thus, are equal to p w (a) =
. Instead, in the estimated model with frictions, prices are equal to p (a) = φ 0 + φ 1 e −δ 2 a , as in equation (16).
Columns (1) and (2) in Table 4 report the calculations of these magnitudes for the model and the Walrasian benchmark, respectively, using the parameters estimated with θ s = .85 and θ d = .99. Larger (smaller) values of the bargaining parameters have no effect on counterfactual allocations and decrease (increase) Walrasian prices, but the difference with the Walrasian prices reported in Table 4 Two forces affect allocations and prices in the estimated model relative to the Walrasian market: search costs and trading delays. We can assess the relative contributions of these two forces by computing the equilibrium when c s = 0, and column (3) in Table 4 reports these calculations. The direct effect of the elimination of search costs is that parties' outside options in bargaining increase, thereby affecting negotiated prices. In addition, this reduction in search costs has general-equilibrium effects by affecting dealers' margins. Thus, dealers' free-entry condition implies that their mass changes, as well. Since dealers' mass determines agents' buying and selling rates, the elimination of search costs affects equilibrium allocations and further affects equilibrium prices. More precisely, dealers' margins decrease, thereby decreasing their mass µ d and their aggregate inventories µ do . Hence, sellers' trading rates with dealers γ sd decrease, thereby increasing the mass µ lo of sellers. Overall, column (3) says that the mass µ lo + µ do of misallocated aircraft increase when c s = 0, indicating that inefficiencies may increase when search costs vanish-i.e., in contrast to a large search literature. Column (3) further shows that asset prices increases slightly when c s = 0. Thus, an interesting conclusion of the counterfactual analysis of column (3) is that it may be difficult to infer exclusively from asset prices the effects of changes in trading frictions (or, more generally, changes in trading mechanisms and institutions) on market inefficiencies. Figure 3 plots the estimated and counterfactual prices, confirming that actual prices (the solid line) are always lower than Walrasian prices (the dashed line) and prices without search costs (the dash-dotted line). Moreover, the figure displays an additional interesting pattern:
Walrasian prices decline at a faster rate than actual prices. The reason is that the willingness to pay for a marginally younger-i.e., better-aircraft is higher if there are no frictions.
Overall, these counterfactuals imply non-trivial effects on allocations and prices, illustrating clearly the importance of frictions in this decentralized market.
Quantifying the Effects of Dealers
The estimates of the parameters allow me to quantify the effects of dealers on the allocation and the prices of assets. Specifically, I compare asset allocations and asset prices with the counterfactual of no dealers-i.e., γ ′ = 0.
If γ ′ = 0, then the distribution of agents becomes:
Using A = µ ho + µ lo , we obtain A = γµ lo λ(λ+γµ lo ) µ + µ lo , which we can solve for µ lo :
(the other root is negative). This distribution of agents determines the counterfactual trading probabilities γ s and γ b , which are key components of the coefficients φ 0 and φ 1 of the equilibrium prices p nd (a) . Table 5 reports the calculations of these magnitudes for the model and the counterfactual market with no dealers, and Figure 4 plots the prices. The table and the figure show inter- 
Using the uniform distribution on [0, 160] for F (a), we compute this welfare gain to be equal to $42, 223, 907, or 1 − µ nd lo z l +µ nd ho z h µ lo z l +µ ho z h = 1.2 percent of actual welfare.
Interestingly, Table 5 shows that prices of new aircraft increase by $262, 084, a 1.7-percent increase. The intuition for why the effect on allocations is opposite to the effect on prices is that, without dealers, the volume of trade is lower. Therefore, at any point in time, the mass of high-valuation agents seeking to buy an aircraft is larger-i.e., µ nd hn > µ hn . Hence, it is easier for sellers to find a high-valuation buyer-i.e., γ nd s > γ s -thereby increasing their value function W lo (a) and their outside option in bargaining. This effect dominates the opposite effects of higher search costs and slower trade on asset prices. Hence, this counterfactual analysis reiterates that it may be difficult to infer exclusively from asset prices the effects of changes in trading frictions. Moreover, Figure 4 displays an additional, related pattern:
Prices in a market with no dealers decline at a faster rate than actual prices. The reason is that sellers' value function W lo (a) increases relatively more for sellers of younger aircraft since they value the ability of selling the aircraft at a faster rate relatively more. In turn, the value function V ho (a) of high-valuation owners increases relatively more for owners of younger aircraft since they value relatively more the ability of being able to sell the aircraft surplus V ho (a) − W hn , prices of younger aircraft increase relatively more than prices of older ones. The model proposed in the paper describes the key features of asset markets, and its estimation allows me to quantify the importance of frictions and of dealers. The simplicity of the estimation is appealing and suggests that the estimation of richer equilibrium models of asset markets may be feasible. Nonetheless, the model also has some limitations. First, the supply of asset A is exogenous. This modeling assumption is common in many other models that focus on secondary markets and on trading frictions. A second limitation is that information on buyers is unavailable: The mass of new buyers µ is exogenous, and their meeting rate γ b and γ bd are derived from the model. In particular, the identification of trading frictions relies exclusively on the sellers' side of the market. This limitation is common to many equilibrium search models, and part of the point of this paper is to show that, under the same assumptions, it is possible to quantify the effect of trading delays on allocations and prices. A third limitation is that there are no aggregate shocks. In reality, the businessaircraft market, like most other asset markets, exhibits non-trivial fluctuations in prices and trading volume, corresponding to fluctuations in supply and demand. The key advantage of a stationary framework is that the model can be solved analytically, thus making the estimation simple. Nonetheless, a potential concern is how sensitive the estimation results are to this stationarity assumption. Fourth, another limitation, quite common among search models, is that price is the only characteristic over which parties bargain, and no other characteristics, such as financing, are taken into consideration.
Concluding Remarks
Finally, in my view, the main limitation is that the model allows for limited heterogeneity in agents' valuations and dealers' inventories. As explained in Section 4, this limitation stems from the aggregate nature of the data, which makes a model with richer heterogeneity difficult to identify. One important consequence of agents' limited heterogeneity is that the marginal buyer and the marginal seller in the estimated model and in the Walrasian market are the same. Instead, if agents' heterogeneity is richer, the marginal buyers and the marginal sellers differ in a model with or without frictions. More precisely, there exists a unique buyers' threshold in the valuation distribution, such that an agent that does not currently own an aircraft and whose valuation jumps above the threshold chooses to acquire one. Similarly, there exists a unique sellers' threshold valuation, such that an agent that currently owns an aircraft and whose valuation falls below the threshold chooses to sell it.
When there are trading frictions, buyers' threshold is higher than sellers' threshold since frictions create a wedge that prevents sellers from selling and buyers from buying. Instead, in a frictionless Walrasian market, these thresholds converge, and the marginal buyer and the marginal seller coincide. This argument implies that the mass of misallocated assets may be larger than the estimated one, since the latter does not take into account the misallocation of assets owned by agents between the thresholds that are not searching to sell or buy an aircraft, but would do so in a frictionless market. Similarly, it implies that Walrasian prices may be lower than the counterfactual values calculated in Section 7.1 since the marginal owner in a Walrasian market has a lower valuation than in the counterfactual market of Section 7.1.
Substituting ω 0 and ω 1 into equations (31) and (32), we obtain that β 0 and β 1 are equal to: Moreover, substituting equations (28), (29), (30) and prices into W hn and V dn , we can rewrite them as:
,
B Robustness of Estimates
In this Appendix, I evaluate the robustness of the estimates reported in Figure 2 and in Table 2 the set of bargaining parameters consistent with the equilibrium of the model shrinks as depreciation decreases.
Overall, Table 6 indicates that most estimates of the parameters are stable over time, and very similar to those previously reported in Table 2 . Moreover, the estimates on the different sample periods indicates that search costs have decreased over time-as observed in other consumer markets (Brown and Goolsbee, 2002) . Similarly, dealers have become more efficient at offloading their inventories over time, perhaps due to higher investments (i.e., higher fixed cost k). Furthermore, the table confirms that valuations have become more volatile over time. 
